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effective	 methods	 to	 estimate	 in	 situ	 above-ground	 biomass	 (AGB).	 Present	
methods	 rely	 on	 allometric	 models	 that	 are	 highly	 uncertain	 for	 large	 tropical	
trees.	Terrestrial	laser	scanning	(TLS)	tree	modelling	has	demonstrated	to	be	more	





and	 Guyana).	We	 identified	 the	 largest	 tree	 per	 plot	 (mean	 diameter	 at	 breast	
height	of	73.5	cm),	extracted	its	point	cloud	and	calculated	its	volume	by	3D	mod-







[CCC]	 of	 0.95),	 outperforming	 the	 pantropical	 allometric	 models	 tested	
(35.6%–54.95%	CV-RMSE	and	CCC	of	0.89–0.73).	TLS–QSM	showed	also	the	
lowest	 bias	 (overall	 underestimation	 of	 3.7%)	 and	 stability	 across	 tree	 size	
range,	 contrasting	with	 the	 allometric	models	 that	 showed	a	 systematic	 bias	
(overall	 underestimation	 ranging	 15.2%–35.7%)	 increasing	 linearly	 with	 tree	
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1  | INTRODUCTION














derived	 from	 easily	 measured	 tree	 parameters	 (diameter	 at	 breast	





the	 allometric	 models,	 hence	 its	 appropriate	 selection	 is	 the	 most	
important	aspect	 to	 improve	the	accuracy	of	AGB	estimates	 (Molto,	
Rossi,	&	Blanc,	2013).
The	 uncertainty	 in	 the	 tree	AGB	 estimation	 is	 even	 greater	 for	
large	tropical	 trees	 (DBH	>70	cm)	because	AGB	in	 large	trees	varies	










laser	 scanning	 or	 terrestrial	 laser	 scanning	 (TLS).	 Laser	 pulses	 from	
LiDAR	 instruments	 can	penetrate	 the	 forest	 canopy	providing	 good	








(Király	 &	 Brolly,	 2007),	 crown	 dimensions	 (Holopainen,	 Vastaranta,	
&	Kankare,	 2011)	 and	 individual	 branches	 (Raumonen,	 Kaasalainen,	
Kaasalainen,	&	Kaartinen,	2011).	Several	 review	articles	provide	ad-









than	 a	 single	 or	 few	 structural	 parameters.	 Quantitative	 structure	
models	 (QSMs;	 Delagrange,	 Jauvin,	 &	 Rochon,	 2014;	 Hackenberg,	
Wassenberg,	 Spiecker,	&	Sun,	2015;	Raumonen	et	al.,	 2013)	 are	 ar-
chitectural	 tree	 models	 reconstructed	 from	 the	 TLS	 point	 cloud	 of	
individual	trees	and	allow	volume	measurements.	The	estimated	tree	
volume	is	converted	to	tree	AGB	by	multiplying	it	by	the	specific	wood	





The	 QSM	 reconstruction	 method	 developed	 by	 Raumonen	
et	al.	 (2013)	has	been	applied	for	wood	volume	estimation	and	AGB	
size.	 The	 TLS–QSM	 method	 also	 provided	 accurate	 tree	 wood	 volume	 esti-
mates	(CV	RMSE	of	23.7%)	with	no	systematic	bias	regardless	the	tree	struc-
tural	characteristics.
4.	 Our	 TLS–QSM	 method	 accounts	 for	 individual	 tree	 biophysical	 structure	 more	
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destructively	 sampled	 afterwards.	With	 the	TLS	 data	 acquired,	we	
(1)	optimized	the	QSM	tree	volume	reconstruction	method	based	on	
a	 subsample	 of	 nine	 of	 the	 29	 trees.	After	 each	 tree	was	 scanned	
and	harvested,	we	 (2)	 performed	 in	 situ	 destructive	measurements	
to	 independently	 estimate	 tree	volume	 for	 comparison	with	model	
estimates	and	calculate	their	accuracy.	Finally,	using	the	independent	








2.2 | TLS sampling and field data collection
Plots	 were	 established	 around	 a	 tree	 to	 be	 harvested	 after	 the	
laser	 scanning.	Plot	 spatial	design	and	 tree	 selection	are	detailed	 in	
Appendix	S1.	Once	the	plots	were	set	up,	we	scanned	the	plot	with	
TLS,	 performed	a	 forest	 inventory,	 harvested	 the	 selected	 tree	 and	
measured	the	geometric	structure	of	the	harvested	tree.
2.2.1 | TLS data acquisition
TLS	 datasets	 were	 acquired	 using	 a	 RIEGL	 VZ-	400	 3D®	 terrestrial	
laser	 scanner	 (RIEGL	 Laser	 Measurement	 Systems	 GmbH,	 Horn,	
Austria).	This	scanner	is	a	discretized	multiple-	return	LiDAR	scanner	
and	 its	 specifications	 are	 shown	 in	Table	2.	Details	 of	 the	 sampling	
design	are	described	in	Appendix	S2.
2.2.2 | Forest inventory data collection
For	each	tree,	we	measured	DBH	(or	diameter	above	buttresses),	tree	
height,	height	of	 first	branch	and	crown	width.	We	measured	DBH	








Peruvian site Indonesian site Guyanese site
Number	of	plots 9 10 10










Lat/long −12.27	lat	−69.10	long −2.41	lat	113.13	long 6.04	lat	−58.70	long
Mean	elevation 312	m	a.s.l. 22	m	a.s.l. 117	m	a.s.l.


















2.3 | Volume and biomass estimation
2.3.1 | Tree wood volume estimation from 3D QSM
We	 co-	registered	 each	 individual	 TLS	 scan	 into	 a	 single	 plot	
point	 cloud	 using	 RiScan PRo	 software	 (version	 2.0;	 RIEGL	 Laser	
Measurement	 Systems	GmbH,	www.riegl.com)	 and	 the	 accuracy	 of	
our	co-	registration	was	kept	below	1	cm.




tree	 topological	 branching	 architecture	 and	 then	 reconstructs	 the	
surface	 and	volume	of	 the	 segments	 by	 fitting	 cylinders	 to	 each	 of	
the	 segments	 (Figure	2).	The	 resulting	 cylinder	models	 are	 used	 for	
automatic	calculation	of	the	volume	of	the	whole	woody	fraction	of	
individual	 trees	 (trunk	 and	 branches).	 More	 details	 are	 provided	 in	
Appendix	S3.
We	 filtered	 out	 cylinders	 with	 diameter	 <10	cm	 from	 result-
ing	 QSMs	 to	 be	 consistent	 with	 the	 reference	 volume	 estimation	
and	 we	 calculated	 the	 total	 tree	 volume	 by	 summing	 the	 volume	
of	 all	 remaining	 cylinders.	 Due	 to	 the	 random	 generation	 of	 the	




2.3.2 | Sensitivity analysis and independent 



















per	PatchDiam)	 against	 the	 tree	volume	obtained	 from	 the	destruc-
tive	measurements.	We	computed	tree	volume	estimation	RMSE.	The	
optimal	PatchDiam	was	chosen	as	the	one	that	minimized	the	RMSE.
Once	 the	 optimal	 PatchDiam	 was	 found,	 we	 assessed	 the	 sta-
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random	sampling	1,000	times	and	analysed	the	frequency	of	optimal	
PatchDiam’s	obtained	(the	one	providing	the	smallest	RMSE	in	each	
of	 the	1,000	samples)	as	well	as	 the	variability	of	 the	RMSE	results	







2.3.3 | Tree volume estimation from reference 
measurements
We	 used	 the	 reference	 geometric	 measurements	 (Section	 2.2.3)	
from	 each	 harvested	 tree	 to	 determine	 the	 tree	 reference	 vol-





of	 volumes	 of	 main	 stem,	 large	 branches	 (>10	cm	 diameter)	 and	
buttresses.























2.3.5 | Tree AGB estimation from allometric models
We	 estimated	 AGB	 using	 12	 allometric	 models,	 of	 which	 eight	
were	 locally	 calibrated	 and	 four	 pantropical	 (see	 Appendix	 S5).	
The	pantropical	allometric	models	used	were	developed	by	Chave	
et	al.	 (2005),	 which	 have	 been	 recently	 improved	 (Chave	 et	al.,	
2014).
The	 local	 allometric	 models	 used	 for	 the	 Peruvian	 trees	 were	
developed	 by	 Goodman	 et	al.	 (2014),	 while	 allometric	 models	 for	





2.4 | AGB estimation models accuracies and 
uncertainty assessment
We	used	 the	20	 trees	 in	 the	 dataset	 reserved	 for	 the	 independent	
estimation	to	compare	the	accuracy	of	AGB	estimates	from	our	TLS–





















the	 uncertainties	were	 statistically	 independent	 (not	 correlated	 and	
with	a	Gaussian	distribution).	We	used	Equation	4	expressing	model	
uncertainties	in	percentage	terms:
where	Utotal	 is	 the	propagated	uncertainty	 (as	percentage)	 from	 the	














































of	2.5	cm,	and	 then	 it	 increased	again	 for	 smaller	PatchDiam.	 This	
is	in	line	with	the	results	of	the	sensitivity	analysis	in	Calders,	Burt,	
et	al.	(2015)	and	Calders,	Newnham,	et	al.	(2015).	Therefore,	2.5	cm	
was	 considered	 the	 optimal	PatchDiam,	 and	 thus	 selected	 for	 the	
tree	volume	estimation	of	the	remaining	tree	dataset.
The	 stability	 assessment	 of	 PatchDiam	 optimization	 procedure	
showed	 that	 in	 75%	 of	 the	 1,000	 random	 sampling	 replicates	 the	
optimal	 PatchDiam	 was	 2.5	cm.	 Despite	 the	 relatively	 small	 sample	
reserved	 for	 the	 sensitivity	 analysis	 (9	 out	 of	 29	 trees),	 the	optimal	
PatchDiam	was	relatively	stable	regardless	of	the	characteristics	of	the	
randomly	selected	trees.
3.1.2 | Independent assessment of tree volume 
estimation from TLS–QSM
To	 assess	 the	 accuracy	 of	 the	 tree	wood	volume	 estimation	 by	 the	




sets	 (Figure	3	 blue	 line)	was	 0.9.	 Its	 slope	was	 0.93	 indicating	 that	
the	 QSMs	 slightly	 underestimated	 the	 tree	 volume	 for	 the	 largest	
trees.	The	RMSE	was	3.29	m3,	compared	with	the	mean	tree	volume	
of	 15.13	m3,	 leading	 to	 a	 CV	RMSE	 of	 23.7%.	 Figure	3	 shows	 that	
the	 TLS–QSM	 performed	 similarly	 throughout	 the	 three	 different	
sites,	despite	the	three	study	areas	contained	different	tree	species,	
sizes	and	shapes.	Results	differ	between	“small	trees”	(DBH	≤	70	cm,	
corresponding	 approximately	 with	 9	Mg,	 hereafter	 small trees)	 and	













(cm) RMSE (m3) CV RMSE (%)
Mean relative 
error (%)
1.0 3.42 27.56 10.31
2.5 2.98 23.92 17.67
5.0 4.60 36.97 31.87
7.5 7.11 57.17 49.42
10.0 9.06 72.81 65.07
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3.2 | Comparison of AGB estimation accuracies: 
TLS–QSM vs. allometric models
3.2.1 | Overall accuracy across study sites: TLS–
QSM vs. pantropical allometric models
Figure	5	shows	the	agreement	between	the	AGB	estimates	by	TLS–
QSM	and	allometric	models	(modelled)	and	derived	from	the	destruc-
tive	measurements	 (reference)	 for	 the	 independent	 assessment	 tree	
dataset.	The	high	level	of	agreement	with	the	AGB-reference	provided	
by	the	TLS–QSM	approach	(CCC	=	0.95)	contrasts	with	the	system-







almost	 50%	 lower	 than	 the	most	 accurate	 (Chave05.m.1.3)	 and	 the	
least	accurate	allometric	model	(Chave14.eq.4)	respectively.	The	TLS–
QSM	approach	 also	 had	 the	 lowest	 bias,	 75%	 and	 90%	 lower	 than	
the	most	and	 the	 least	accurate	allometric	models	 respectively.	The	
TLS–QSM	AGB	estimates	also	showed	the	most	consistent	agreement	
with	 the	 reference	AGB	 (CCC	=	0.95)	along	the	range	of	AGB	refer-
ence	values	with	no	major	systematic	deviation	to	the	1:1	line	(slope	
of	1.06),	whereas	 the	best	 allometric	model	 (slope	of	0.77)	 showed	






3.2.2 | Overall accuracy within study sites: TLS–
QSM vs. local allometric models
Figure	6	displays	the	agreement	between	the	AGB-modelled	based	on	





larger	 for	 the	 three	 local	allometric	models	 tested,	which	systemati-
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4  | DISCUSSION
4.1 | Consistent and accurate AGB estimation of 





curacy	 of	 tropical	 trees	AGB	estimates	 using	QSMs	 from	TLS	 point	















CV RMSE  
(%) Bias (%)
Relative 
error (%) R2 Slope
Intercept  
(Mg) CCC
TLS–QSM 2.89 28.37 −3.68 −0.33 0.90 1.06 −1.03 0.95
Chave05.m.1.3a 3.63 35.60 −15.22 −0.76 0.88 0.77 0.82 0.89
Chave14.eq.7 4.52 44.35 −24.50 −10.49 0.88 0.66 0.94 0.82
Chave05.m.1.6 5.47 53.65 −34.99 −24.91 0.85 0.62 0.33 0.75
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4.1.1 | AGB estimations by TLS–QSM vs. pantropical 
allometric models
Across	 the	 three	 sites	 the	TLS–QSM	method	 to	 estimate	AGB	was	
more	 accurate	 than	 the	most	 accurate	pantropical	 allometric	model	
evaluated	(Chave05	m1.3,	in	Appendix	S5),	with	an	absolute	improve-
ment	of	7.2%	less	CV	RMSE	(Table	4).	This	accuracy	improvement	was	
even	more	 pronounced	 in	 terms	 of	 bias	 reduction.	Moreover,	TLS–
QSM	showed	a	higher	agreement	with	reference	values	(CCC	=	0.95)	
compared	 to	 the	 most	 accurate	 pantropical	 allometric	 model	








in	 our	 study	 areas	 compared	 to	 the	open	 eucalyptus	 forest	 studied	














single	 species-	specific	wood	density	value	 for	each	 tree	 instead	of	
discriminating	wood	density	for	different	woody	fractions,	both	were	






4.1.2 | AGB estimations by QSM models vs. local 
allometric models in Indonesia and Peru







CV RMSE  
(%) Bias (%)
Relative 
error (%) R2 Slope
Intercept  
(Mg) CCC
TLS–QSM 3.68 24.27 3.72 −3.87 0.93 1.16 −1.84 0.96
Goodman.II.1a 4.09 26.97 −18.37 −16.87 0.97 0.78 0.54 0.92










CV RMSE  
(%) Bias (%)
Relative 
error (%) R2 Slope
Intercept  
(Mg) CCC
TLS–QSM 1.67 37.13 21.36 19.08 0.96 1.29 −0.34 0.92
Manuri.DBH.WD.H.mixa 0.94 20.82 0.63 11.88 0.94 0.88 0.58 0.96












For	 both	 cases,	 at	 pantropical	 or	 regional–local	 level,	 there	 are	






4.2 | Reconstructing 3D woody structure of tropical 
forest trees using QSMs
We	 showed	 that	 the	 TLS–QSM	method	 can	 be	 used	 to	 accurately	
estimate	 volume	 from	 3D	 reconstructed	 structure	 of	 large	 tropical	
trees	 from	 scans	 in	 very	 dense	 forest	 with	 leaf-	on	 conditions.	 The	
tree	structure	reconstructions	for	these	large	tropical	trees	contained	
larger	uncertainty	(higher	variance	on	the	QSM	outcomes)	than	in	pre-





Consistent	 with	 previous	 QSM	 studies	 (Calders,	 Newnham,	
et	al.,	 2015;	 Calders	 et	al.,	 2013;	 Disney	 et	al.,	 2014;	 Raumonen	
et	al.,	2013),	we	optimized	 the	 reconstruction	process	based	on	 the	
PatchDiam	parameter,	which	was	reported	to	be	the	most	influential	






































for	 large	 tropical	 trees	 that	 relies	 on	 estimates	 of	 tree	 volume	
based	on	3D	data	from	TLS	and	basic	wood	density.	We	show	that	
tree	volume	estimation	of	these	large	tropical	trees	based	on	TLS	
data	 and	QSM	 provided	 a	 CV	 RMSE	 of	 23.7%	 in	 comparison	 to	
destructive	 harvest	 measurements.	 Tree	 AGB	 estimates	 derived	





for	 large	trees	 (DBH	>	70	cm),	 increasing	with	tree	size,	contrast-
ing	with	 the	 largely	 smaller	 and	non-	systematic	deviation	 for	 the	
TLS–QSM.
It	 is	 important	 to	 remark	 that	our	 results	are	based	on	a	 limited	
sample	 size	 of	 29	 trees	 across	 three	 ecosystems,	 while	 Calders,	
Newnham,	et	al.	(2015)	harvested	65	trees	in	one	ecosystem.	Despite	
this,	our	results	confirmed	a	recent	trend	showing	that	TLS	scanning	
and	QSM	are	able	 to	account	 for	 individual	 tree	 structure	more	ef-
fectively	than	allometric	models,	thus	providing	tree	volume	and	AGB	
estimates	which	are	likely	to	be	unbiased	by	tree	size.
This	 approach	 can	 be	 further	 used	 for	 testing	 and	 calibrating	




building	 improved	 allometric	 models	 that	 might	 enhance	 present	
and	 past	 estimates	 of	 forest	 biomass	 and	 carbon	 emissions	 from	
tropical	forest.
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The	 individual	 trees	 TLS	 point	 cloud,	 QSM	 cylinder	 models,	 for-
est	 inventory	 and	 destructive	 sampling	 measurement	 data	
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